How Will Deforestation and Vegetation Degradation Affect Global Fire Activity? by Park, C. Y. et al.
1. Introduction
Fire is an important component of terrestrial ecosystems, and can alter vegetation structure and distribu-
tion (as a disturbance), carbon and nutrient cycles, and water and energy budgets (Lasslop et al., 2020; Li, 
Bond-Lamberty, et al., 2014; Li & Lawrence, 2017). In addition, fire emissions are a large global source of 
atmospheric trace gases and aerosols (Knorr, Jiang, et al., 2016; van der Werf et al., 2010), which can have 
a considerable impact on the radiative balance of the atmosphere (Langmann et al., 2009) and pose seri-
ous health risks (Rappold et al., 2017). In order to characterize changes in fire regimes on a global scale, 
many researchers have tried to identify its drivers (Andela et al., 2017; Bistinas et al., 2014; Kelley, Bistinas, 
et al., 2019).
Abstract Globally, many parts of fire emissions are driven by deforestation. However, few studies 
have attempted to evaluate deforestation and vegetation degradation fires (DDF) and predict how they 
will change in the future. In this study, we expanded a fire model used in the Community Land Model to 
reflect the diverse causes of DDF. This enabled us to differentiate DDFs by cause (climate change, wood 
harvesting, and cropland, pastureland, and urban land-use changes) and seasonality. We then predicted 
the state of fire regimes in the 2050s and 2090s under RCP 2.6 and RCP 6.0 scenarios. Our results indicate 
that the area affected by global total fires will decrease from the current 452 to 211–378 Mha yr−1 in the 
2090s under RCP 6.0 and to 184–333 Mha yr−1 under RCP 2.6, mainly due to socioeconomic factors such 
as population and economic growth. We also predict that DDF will decrease from the current 73 million 
hectares per year (Mha yr−1) to 54–66 Mha yr−1 in the 2090s under RCP 6.0 and 46–55 Mha yr−1 under 
RCP 2.6. The main contributor to these decreases in DDF burned area was climate change, especially the 
increasing of precipitation. The impact of future land use change on future DDF was similar or slightly 
lower than present-day. South America, Indonesia, and Australia were identified as high-risk regions for 
future DDF, mainly due to the expansion of wood harvest and pastureland. Appropriate land and fire 
management policies will be needed to reduce future fire damage in these areas.
Plain Language Summary Global fire activities are affected by climate, land use, and 
socioeconomic factors. In order to represent changes in future fire activity, we model worldwide burned 
area with a particular focus on land-use change and predict future changes. We find that total fires could 
decrease in the future. The most obvious factor is that socioeconomic change (i.e., population and GDP 
growth) will decrease future fire activity. Climate change might cause a reduction or increase in total fire. 
The impact of future land-use changes on fires is similar to that of present-day. The land use changes due 
to wood harvest in tropics and pasture expansion in temperate regions increased regional deforestation 
or vegetation degradation fires in future. And we expect that these land-use change will increase fires in 
South America, Indonesia, and Australia, suggesting the need for adaptation to reduce the impacts of fires 
in these regions.
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Fire occurrence and spread are affected by natural factors and human activities. Over evolutionary time, 
particularly within the past 4,000  years, the human ability to manipulate fire has increased (Archibald 
et al., 2012). The development of land management practices, changes in the proportion of cultivated and 
grazed land, and the building of roads have all contributed to a low fire activity compared to pre-industrial 
levels (Archibald et al., 2012; van der Werf et al., 2010). However, in regions with high rates of deforestation 
such as the tropics, land clearing activities cause a large proportion of fires (van der Werf et al., 2008; van 
Marle et al., 2017). About a quarter of global fire emissions are estimated to be caused by deforestation 
(Li, Levis, et al., 2013). In the future, land-use changes along with changes in climate and human activity 
will strongly affect global fire regimes (Buckland et al., 2019). In order to prepare for these changes, it is 
necessary to identify how future fires will be affected by three factors: climate, land use, and socioeconomic 
changes.
Most studies that modeled future fire activity considered only some of these factors. Landry et al. (2015) 
simulated fire activity from 2015 to 2300 under several climate change scenarios and predicted low non-de-
forestation fire activity in the absence of human factors. Knorr, Arneth, et al. (2016) conducted simulations 
under several population density scenarios. They predicted that human exposure to fires will increase in the 
future mainly due to population growth. However, since their model only considered population density, 
any effects of land-use change were not examined. Only a few studies have considered land-use change 
in this context. Kato, Kawamiya, et al. (2011) used a land-use change matrix to project biomass burning 
amounts and considered a future scenario that included the expansion of secondary land. Kloster, Mahow-
ald, Randerson, and Lawrence (2012) examined the effects of future changes in harvesting and land use 
and predicted that these factors would decrease fire emissions in the future. On a regional scale, remote 
sensing studies have predicted near future fires based on favorable climate conditions (Knorr, Pytharoulis, 
et al., 2011) or land-use changes (Cardoso et al., 2003).
So far, few studies have quantified land-use change impacts on future fire activity. There are several meth-
odological reasons for this knowledge gap. First, most global fire models do not simulate deforestation and 
degradation fires (DDF) (Hantson et al., 2020; Li, Val Martin, et al., 2019; Rabin et al., 2017). Among the 
models participating in the Fire Model Intercomparison Project (FireMIP), only the Community Land Mod-
el (CLM) fire model contains deforestation or vegetation degradation modules (Teckentrup et al., 2019). 
Other global emission models considered DDF to be a different type of emission source than fire (Ito, 2019). 
Second, the definition of DDF and the assumptions used for analysis have differed among studies. For ex-
ample, studies have variously defined DDF as any fire caused by the following: loss of tree cover in tropical 
forests (Li, Levis, et al., 2013), conversion of primary and secondary forest to cropland and pastures (Kato, 
Kawamiya, et al., 2011), or land cover change and wood harvesting (Kloster, Mahowald, Randerson, & Law-
rence 2012; Kloster, Mahowald, Randerson, Thornton et al., 2010). Third, previous studies have aggregated 
all types of land-use change to determine the causes of DDF, making it impossible to differentiate the mag-
nitude of impact of each land-use type.
Here, we investigate the impact of changes in climate, land use, and socioeconomic factors on future DDF 
as well as on total fire activity. We do so by developing a DDF submodel to the CLM fire model (a model 
evaluated in FireMIP) to incorporate the effects of diverse types of land-use change: wood harvesting and 
conversion to cropland, pastureland, and urban areas. This developing enables us to identify changes of 
DDF by land use type and season, not only tropical region, but also temperate region. Then, we predict 
future fire activity in the mid-21st century (2050–2059, i.e., the 2050s) and late 21st century (2090–2099, i.e., 
the 2090s). Our goals were to (1) predict future changes in fire regime based on the main causes of changes 
in fire activity, with a particular focus on land-use change, and (2) inform climate change adaptation efforts 
by identifying high-risk regions for DDF in the future.
2. Methods, Data, and Scenarios
In this study, we expanded the latest CLM (CLM5) fire model by expanding the scope of DDF from tropi-
cal closed forests to the tropical and temperate vegetated areas. We just simulated fire model, not a whole 
land surface model (CLM) connected with vegetation, soil, and water sub model. Therefore, we described 
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projection in the simulation protocol (Section 2.5). In Section 2.1–2.2, we briefly described the original CLM 
fire model; total model description (2.1) and its deforestation fire part (2.2). The previous DDF in original 
CLM have limitations in spatial extent (only tropical forest), and considering deforestation causes and their 
seasonal variation. Thus, we develop DDF part (Section 2.3) by expanding scope and considering land-use 
change types and their seasonal impacts. In Section 2.4, we improve the model performance by using a 
genetic algorithm (GA) optimization technique to determine the best parameter values based on the satel-
lite-based product, Global Fire Emissions Database version 4.1 (GFED4s) (small fires included in GFED 4.1; 
Giglio et al., 2013; van der Werf et al., 2017). In Section 2.5, we used the model to project changes in fire ac-
tivity in the 2050s and 2090s by considering future changes in climate, land use, and socioeconomic factors.
2.1. Description of CLM
The CLM fire model is a process-based fire parameterization consisting of fire counts and fire spread for 
non-peat fires (Li, Zeng, et al., 2012). The CLM fire model considers human activities by including human 
ignition and suppression into fire counts along with natural ignition from lightning, and accounting for 
the influence of socioeconomic conditions into fire counts and spread (Li, Levis, et al., 2013). The CLM fire 
model contains three additional parts and represents realistic human-induced fires by parameterizing an-
thropogenic peat fires, deforestation fires, and agricultural fires (Lawrence et al., 2018; Li, Levis, et al., 2013) 
(Equation 1). Because this fire model also considers biomass and soil moisture calculated from other parts 
of the CLM as well as climate variables, it is a comprehensive model for predicting future fire changes.
   np agri peat defoBurned area Ab Ab Ab Ab (1)
where npAb  is non-peat burned area, agriAb  is agricultural burned area, peatAb  is peat burned area, and 
defoAb  is deforestation fires.For non-peat fires outside tropical closed forests and croplands, fire counts are 
calculated by multiplying the total number of ignitions (the number of natural ignitions per grid area; nI  
and anthropogenic ignitions per area; aI ) by functions of six variables: relative humidity RHf , soil moisture 
f , biomass Bf , temperature Tf , and socioeconomic factors se1f  (function of population density and GDP 
per capita to decrease fire count) (Equation 2). Because human communities often suppress fire activity, 
the effect of population density (PD) is incorporated by multiplying the anthropogenic ignition term aI  by 
 PD1 f  (Equations 3–5). We used lightning flashes rates to calculate the total number of natural ignitions nI  
(Equation 6). Natural ignition is calculated from the ignition efficiency of cloud to ground lighting (ctg; the 
cloud-to ground lightning fraction), and depends on latitude and the total rate of lightning flashes (flash, 
km−2 month−1) (Lawrence et al., 2018).
     RH se1,f i B TN N f f f f f (2)
where iN  is the fire count per month, which is defined as follows:
      PD1i n a gN I I f A (3)
   PD 0.99 0.98 exp 0.025PDf (4)
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where gA  is the grid area (Mha). ig is the number of potential ignition sources per person per month (count 
person−1 month−1).
To calculate burned area, the model estimates fire spread area (a) by assuming that fires spread in an ellipti-
cal shape at a rate affected by wind speed and socioeconomic factors (PD and GDP) (Equations 7, 8). Higher 
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      1.0 10.0 1 exp 0.06 ,BL wind (8)
where a is the average burned area of a fire and se2f  is a socioeconomic term (it decreases with increases in 
population density and GDP per capita). pu  (m s−1) is the fire spread rate in the downwind direction,   (s) is 
average fire duration, BL  is length-to-breadth ratio of the ellipse, and wind is wind speed (m s−1).
Finally, non-peat fire burned area npAb  is estimated as follows:
 npAb .fN a (9)
Detailed descriptions of the fire occurrence and fire spread functions were provided by Li, Levis, et al. (2013) 
and Li, Zeng, et al. (2012). The calculation of se1f  and se2f , which are functions of GDP and PD, and pu  vary 
by plant type. For more details, see the CLM5 technical description (Lawrence et al., 2018).
Agricultural and peat fires are estimated as functions of their respective main drivers. Agricultural fires are 
assumed to occur in the month before planting or after harvest and to be used to clear lands in the absence 
of rain: tf  is simply set to 1 for a rainless month before crop planting or to 0 otherwise. We used a gridded 
map of planting dates for 19 crops (Sacks et al., 2010), and monthly mean precipitation. We defined “rain-
less” as absolute rainless (monthly mean precipitation of ≤0.01 mm). Of course, as with non-peat fires, ag-
ricultural fires are also affected by socioeconomic factors ( se, agrif ; Li, Levis, et al., 2013). Agricultural burned 
area ( agriAb ) was calculated according to Equation 10, shown below.
    agri se,agri cropAb ,a t gc f f f A (10)
where ac  is a constant coefficient (month–1) and cropf  is the cropland area ratio.
The peat fire model uses two types of climate functions ( cli,peatf  for tropical and boreal peat. For tropical 
peatlands, cli,peatf  is calculated from 60-days long-term averaged precipitation ( 60dP ), and for boreal peat-
lands, cli,peatf  is calculated from top-soil moisture (top) and temperature ( topT ) (Equations 11–13). Peat fires 
are affected by the saturated fraction ( satf ), which is the fraction of the grid with a water table (zwt) at the 
surface or higher (Lawrence et al., 2018) (Equation 14). We used a compound topographic index, which is 
calculated using global elevation data from Lehner et al. (2008), for the maximum value of satf  ( max )f .
     peat cli,peat peat satAb 1p gc f f f A (11)
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  sat exp 0.025 ,maxf f zwt (14)
where pc  is a constant coefficient (month–1) and peatf  is the peatland area ratio.
2.2. Description of Deforestation Fire Model in CLM
The deforestation fire (DF) submodel is estimated as a function of a climate factor and deforestation and deg-





( dP ), 10-days averaged precipitation ( 10dP ), and 60-days long-term averaged precipitation ( 60dP ) to reflect 
desiccation dynamics of slashed trees and rapid variability of moisture (Equation 16) (Li, Levis, et al., 2013). 
Large values of cli, defof  indicate deficiencies in both long- and short-term precipitation. cli, defof  plays an im-
portant role in deforestation fires because drought increases the rate of deforestation (Staal et al., 2020). 
The model also uses a deforestation rate term ( luf ), which represents the effect of decreased tree coverage 
fraction on burned area:
   defo cli, defoAb d lu gc f f A (15)
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where dc  is a constant coefficient (month–1) and b is the average of plant fractional type-dependent thresh-
olds weighted by their coverage (4.0 for broadleaf evergreen tropical, 1.8 for broadleaf deciduous tropical 
from Li, Levis, et al. (2013)).
In Li, Levis, et al. (2013), the equation was calibrated and luf  was formulated by using the GFED3 annual 
burned area fraction from 1997 to 2004 with annual decreased tree coverage in the Amazon rainforest 
(Equation 17). It is partitioned over 0.01% yr−1 deforestation rate bins and then compared with GFED3, 
where
   max 0.0005, 0.19 0.0011luf D (17)
and D is decreased tree coverage in the Amazon rainforest (yr−1).
The CLM deforestation fire model accounted for 83% of the spatial variability of burned area (Li, Levis, 
et al., 2013). However, it covered only the tropical closed forests and only predicted annual burned area, 
meaning it has some shortcomings. First, it cannot detect the effects of land-use activities on fires outside 
the tropical closed forests. Deforestation and/or degradation of vegetation also occurs outside the Amazon 
(Santini et al., 2019; Whitlock et al., 2015), which can lead to land-use changes that cause fire emissions 
(Houghton et al., 2012). Second, the CLM evaluates deforestation fires by annual time step and cannot de-
termine intra-annual variability or seasonal vulnerability.
2.3. New Model for Deforestation and Vegetation Degradation Fires
In our study, we substitute deforestation fires in the CLM with deforestation and vegetation degradation 
fires (DDF). We created a generalized linear model (GLM) to assess the effects of monthly and regional 
land-use changes and climatic factors on DDF (DDFGLM) instead of  cli, defoluf f  in Equation 15. The GLM 
makes it possible to (1) determine non-linear effects of deforestation and vegetation degradation on fires 
around the world, and (2) differentiate impacts by land-use type and timestep (i.e., month) (compared to the 
original luf  was an annual variable without taking account land use activity).
  DDFDDF GLM dAb c Ab (18)
  1 / 1 zGLMDDF e (19)
          , ,: X : ,i i i j i j i t i tz R R R M (20)
where i is the coefficient of the dummy for region i ( iR ) that represents region-specif-
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Land management methods and anthropogenic interventions vary by land-use category and region; this can 
impact DDF activity in different ways. Our DDF submodel can detect these effects by separating land-use 
change types and burning regions. We altered two aspects of the DDF submodel in the CLM fire model. 
First, we expanded the scope of analysis from tropical closed forests to all areas of tropical and temperate 
regions where the proportion of “forests + shrubs + C3 non-arctic grass land cover” is over 60%, which 
enabled us to consider vegetation degradation as well as deforestation. We excluded the boreal region be-
cause the relationship between land-use change and fires was not significant there. Second, we resolved 
the causes of DDF into wood harvesting, cropland and pastureland conversion, and urban expansion by 
using the Land Use Harmonization data for CMIP5 (Hurtt et al., 2011). The input variables, croplu , pasturelu , 
urbanlu , and harvestlu , mean ratio of land transition to cropland, pastureland, urban, and wood harvested area 
(Table S1). These land-use change activities involve the use of fires to clear land or wood debris (Rudis & 
Skinner, 1990; van der Werf et al., 2009). Land management methods and anthropogenic interventions dif-
fer among land-use categories and can impact fire activity in different ways. In summary, the modified DDF 
submodel considers separately fires in vegetated areas due to land-use changes from primary or secondary 
land to harvested forests, croplands, pastures, and urban areas. The DDF site (i.e., the areas in which DDF 
was evaluated) was defined as forest, shrubland, and grassland areas where the above four land-use changes 
occurred in temperate and tropical regions.
Logistic regression models can predict over-dispersed data like burned fraction and have been used in other 
fire studies (Bistinas et al., 2014; Lehsten et al., 2010; Petty & Bowman, 2007; Viedma et al., 2015). We mod-
eled DDF as a binomial variable with a logit link (logistic regression model) against the following independ-
ent variables (X) (Petty & Bowman, 2007): deforestation or vegetation degradation rate by type of land-use 
change ( ,, ,crop wood pasture urbanlu lu lu lu ) and climate factor ( cli,defof ). Because the climate factor is one of the most 
important factor in determining DDF, we used the variable ,cli defof , described in Equation 16, as a climate 
factor in DDF. We used ISIMIP2a daily precipitation data for making historical climate factor (Table S1).
To improve predictions and capture spatial and temporal changes, we used two dummy variables: month (
M) and region (R) (Equation 21). By using a dummy variable, we can introduce information that is not con-
ventionally measured on a numerical scale into regression analysis (Suits, 1957). First, monthly dummies 
were used to capture seasonal changes in climate and human behavior (Albertson et al., 2009). Even though 
we used the climate factor cli,defof , this factor on its own is not sufficient to describe DDF seasonality. This is 
because the temporal distribution of DDF is also affected by socioeconomic and institutional factors (Staal 
et al., 2020), or by season and meteorological conditions (Borucka, 2018).
Second, we implemented a region dummy by dividing the DDF site into three regions: tropical, north-
ern hemisphere temperate, and southern hemisphere temperate. DDF manifests differently even under 
identical conditions in tropical and temperate sites. This difference may be caused by differences in the 
living conditions of people residing in each region. Also, we considered temperate regions in the north-
ern and southern hemispheres separately to capture their different seasonal patterns. The classification of 
tropical, and temperate regions was based on the temperature of the coldest month (Tc) and growing-de-
gree days above 5°C (GDD) (Bonan et al., 2002), as follows: tropical region:  T 15.5 C;c  temperate region: 
   15 T 15.5 Cc  in areas with broadleaf tree cover,    19 T 15.5 Cc  in areas with needleleaf tree and 
shrub cover,    19 T 15.5 Cc  and  1200GDD  in areas with grass cover. We used CPC Global tempera-
ture data (daily maximum and minimum) provided by the NOAA (https://psl.noaa.gov/data/gridded/data.
cpc.globaltemp.html) for making GDD. Tc was derived WorldClim bioclimatic variable 11 (https://www.
worldclim.org/data/bioclim.html). We used Moderate-Resolution Imaging Spectroradiometer (MODIS) 
land cover data (MODIS12Q1) for classification of needleleaf, broadleaf trees, shrub, and grass cover area. 





targeted 2015 years. We allowed the region dummy to affect relationships between the independent varia-
bles and DDF by including interaction terms between the region dummy and independent variables. Since 
lu, the main independent variable, is calculated yearly, we did not include interactions between the month 
dummy and independent variables. Instead, we used an interaction term between the region and month 
dummy to identify seasonal variations.
We used GFED4.1s monthly burned area fraction data from 2006 to 2015 to evaluate the GLM (https://www.
geo.vu.nl/∼gwerf/GFED/GFED4/). The target site of DDF evaluation was tropical and temperate regions 
where (1) the plant type is (natural) grass, shrub, or tree based on 2015 MODIS12Q1 land cover, and (2) any 
land-use change occurred (     0crop wood pasture urbanlu lu lu lu ). We randomly split the 10-years monthly 
data of target site grids into a training dataset (80% of the overall data) and a testing dataset (20% of the 
overall data). After evaluating the GLM with the training set, we compared GFED4.1s burned fraction in 
the DDF site against the GLM results using the test set. We used the glmfit function in the Statistics and 
Machine Learning Toolbox in MATLAB R2019a for GLM fitting. Because we cannot separate DDF from 
the total burned fraction in GFED4.1s, it is difficult to capture DDFAb  by training with GFED4.1s data. Our 
method allows us to capture the inter-regional variability in DDF by training DDFGLM. DDFAb  is finally esti-
mated by adding optimized parameter ( dc ) that is described in Section 2.4.
2.4. Parameter Optimization
We optimized parameters described in Sections 2.1–2.3 by using a genetic algorithm (GA). GA is a stochas-
tic search method based on simplifications of natural evolutionary processes (Wall, 1996), and has proved 
useful for optimizing environmental model parameters (Wang, 1997). We selected GA for the optimization 
method because it has been shown to produce good enough global optima in a reasonable timeframe (Yoon 
& Lee, 2017). Optimization serves two purposes in this study. The first is to adjust the burned fraction pro-
portion in each fire type by selecting constant coefficients for agricultural fires ( ac ), peat fires ( pc ), and de-
forestation and degradation fires ( dc ). This study expended the site of DDF and assumed that four different 
type of fires can occur in a grid. By capturing the proportion of each type, we could optimally determine 
both typical and total burned area. Second, optimization allows us to select the best model parameters 
(i.e., the biomass thresholds [lower and upper thresholds for ignition] used to calculate bf , cloud-to-ground 
lightning efficiency [ctg], and human ignition rate [ig]) for non-peat fires with the new time target (2006–
2015). These parameters were optimally estimated in the previous CLM (Lawrence et al., 2018; Li, Zeng, 
et al., 2012), and need to be re-optimized in the new time period.
In the GA method, each gene represents a parameter and the combination of parameters becomes a chro-
mosome. The GA process can be summarized as operating in three steps: (1) create random initial chro-
mosomes, (2) select the best chromosome based on fitness value, and (3) cross and mutate. Steps 2 and 3 
are repeated by the number of iterations. The parameter optimization was halted after 200 iterations with 
50 initial genes. The number of iterations and the gene population was selected from a repetitive pilot test 
(Text S1; Figure s1). GA was conducted using MATLAB R2019a based on our own custom script.
To calculate fitness values, we used model error in terms of mean annual burned area (EBA) in each 
GFED region (information on the 14 basis regions is provided at https://www.geo.vu.nl/∼gwerf/GFED/
GFED4/). The EBA was calculated as in Yue et al. (2014) (Equation 22). A lower absolute value indicates 
better performance. Negative values indicate a tendency toward overestimation, and positive values indicate 
underestimation.
 
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where globalobs  is the global annual burned area from the GFED4.1s and globalsim  is the global annual burned 
area estimated by the model. We defined the fitness function as the weighted sum of the total global EBA (
globalEBA ) and adjusted regional EBAs ( ,region iEBA ) (Equation 23). globalEBA  and the sum of adjusted ,region iEBA  





,region iEBA  by the fraction of total burned area in each region compared to global burned area ( ,region iBF ). This 
ensured that the fitness function would not be overwhelmed by regions with a small burned fraction:

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where a smaller fitness value indicates better fitness.
Parameters were fitted for each year and then averaged over the full 10 years (2006–2015) with data de-
scribed in Table S1. These optimized parameter values were then used to project future fire activities.
For model validation, we adopted three metrics: normalized mean error (NME), yearly trend, and monthly 
trend. NME was specified by Kelley, Prentice, et al.  (2013) to compare model performances that do not 
follow a normal distribution, and it has been used as the standard metric to assess global fire model perfor-










where gA  is grid area, gobs  and gsim  are the observations (mean annual burned fraction in GFED4.1s) and 
simulated values (mean annual burned fraction) over all grids (g). A lower score means better performance.
The yearly and monthly trend metrics are the correlation coefficient of yearly (n = 10) and monthly (n = 12) 
simulated and GFED4.1s burned area series. These metrics were used by Yue et al. (2014) for confirming the 
temporal similarity of burned fraction. A higher score means better performance. We calculated yearly and 
monthly trends globally and for each GFED region.
2.5. Modeling Protocol for Future and Present-Day Simulations
We projected fire regimes in the 2050s (mid-term future) and 2090s (long-term future) by applying climate, 
land-use, and socioeconomic changes to our fire model. As shown in Table 1, we simulated four different fu-
ture scenarios. In Scenario 1 (“All”), we applied climate, land-use, and socioeconomic changes to the model. 
In Scenarios 2–4, we only applied one change, and the remaining factors were kept the same as in the pres-
ent day. This experimental design was intended to allow us to identify the impact of each type of change.
We used two scenarios of climate and land-use change: the low greenhouse gas emissions scenario (RCP 
2.6) and the “business as usual” scenario (RCP 6.0). RCP 2.6 has a 66% likelihood of limiting global warming 
to 2°C (Doelman et al., 2018), and we can estimate the consequences of this strong mitigation pathway on 
global fire. On the other hand, RCP 6.0 represents a no-mitigation pathway (Frieler et al., 2017). For socio-
economic change, we chose the SSP2 pathway, which represents “middle of the road” development (O'Neill 




Scenarios Climate changea Land-use changeb Socioeconomic changec
1 All RCP 2.6/RCP 6.0 RCP 2.6/RCP 6.0 SSP 2
2 Climate RCP 2.6/RCP 6.0 Present day Present day
3 Land use Present day RCP 2.6/RCP 6.0 Present day
4 Socioeconomic Present day Present day SSP 2
aChanged variables in the climate scenario are temperature, precipitation, wind speed, relative humidity, soil moisture, 
soil temperature, and biomass. Each scenario contains four GCMs (GFDL_ESM2M, HadGEM2-ES, IPSL-CM5A-LR, 
and MIROC5). bChanged variables in the land-use change scenario are cropland fraction, land change area to wood 
harvest, cropland, pastureland, and urban area. cChanged variables in the socioeconomic scenario are population 
density and GDP per capita.
Table 1 
Future Scenario Data Sets
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assumes the gradual achievement of sustainable development goals with some environmental degradation 
(O'Neill et al., 2017).
All of the input data except climate, land-use, and socioeconomic variables (listed in the footnotes to Ta-
ble S1) are the same as the input data for the present-day simulation. We provide details about the input data 
and their sources for the present-day simulation in Table S1.
To obtain the future climate input variables, we used bias-adjusted global climate models (GCMs) from the 
Inter-Sectoral Impact Model Intercomparison Project 2b (ISIMIP 2b) (https://esg.pik-potsdam.de/search/
isimip/) (Frieler et al., 2017). Specifically, the GCMs were GFDL_ESM2M, HadGEM2-ES, IPSL-CM5A-LR, 
and MIROC5 (McSweeney & Jones, 2016). We used biomass from the VISIT model (which accounted for 
future fires in a different manner) (Ito & Inatomi, 2012). A series of intermodel comparison works indicated 
that VISIT is one of the reliable models for contemporary and future assessments (Ito et al., 2017; Nishina 
et al., 2015). Our model did not respond to CO2 directly, but the effect of elevated CO2 concentration (i.e., 
fertilization) was included via vegetation growth and thus fuel load estimates by VISIT. VISIT simulates 
atmosphere-ecosystem exchange of CO2 (photosynthesis, respiration, and decomposition) and intra-ecosys-
tem carbon dynamics (allocation of photosynthate, litterfall, and humus formation) by considering carbon 
pools as boxes (i.e., leaves, stems, roots, litter and humus) (Ito & Inatomi, 2012). Soil moisture, top-soil 
moisture, and top-soil temperature were from CLM4.5. CLM uses a multi-layer soil model for soil heat and 
water fluxes. It simulates soil temperature through the energy balance equation within each layer and en-
ergy transfer between layers, and simulates soil moisture transport by considering infiltration, surface and 
sub-surface runoff, gradient diffusion, gravity, and canopy transpiration through root extraction (Lawrence 
et al., 2018). These outputs were downloaded from ISIMIP2 (Gosling et al., 2019; Reyer et al., 2019).
Land-use projections (i.e., land-use change and fraction of cropland) for each of these scenarios were taken 
from Integrated Assessment Models. We used IMAGE (for RCP 2.6) and AIM (for RCP 6.0) land-use harmo-
nization (LUH) data version 1.1 (https://luh.umd.edu/data.shtml) (Hurtt et al., 2011). LUH contains tran-
sitions in land use over time, which is useful for identifying deforestation or vegetation degradation areas.
We used GDP per capita and population density as representative variables for socioeconomic changes. 
We used SSPs based on downscaled gridded population and GDP datasets developed by Murakami and 
Yamagata (2016) (https://www-iam.nies.go.jp/aim/data_tools/aimssp/aimssp_j.html). Among them, only 
GDP data are provided by ISIMIP2. But we selected population based on the same downscaling methodol-
ogy for consistency.
The simulation was conducted at 0.5 × 0.5° resolution with monthly time step. All future scenario data were 
provided as 0.5 × 0.5° resolution. Land use data were achieved and used as yearly data and other variables 
are achieved as monthly data. We only obtained daily data for precipitation data and built monthly climate 
factor ( ,cli defof , cli,peatf ).
3. Results
3.1. Model Evaluation
3.1.1. Deforestation and Vegetation Degradation Fire Model
The GLM predicted monthly global total burned fraction in the test data set with an R2 of 0.92. The model 
captured monthly variations well but showed errors in interannual variation, with underestimations occur-
ring in 2006 and 2009 and overestimations in 2013 and 2014 (Figure 1).
Our results show that the tropical region had larger DDF than other regions (i.e., had the highest  , Ta-
ble 2). This is likely because tropical residents use fire more frequently for land clearing than those living in 
the temperate region, which reflects differences in lifestyle (e.g., plantations and transmigration programs 
in the tropics) (Korontzi et al., 2006; van Marle et al., 2017). In the tropical region, only woodlu  had a positive 
coefficient among land-use types ( , Table 2), which implies that deforestation and vegetation degradation 
for wood harvesting had the greatest impact on fire activity. This finding is consistent with results from the 
literature. For example, selective logging contributed significantly to carbon emissions from burning wood 





have positive croplu  and pasturelu  coefficients. This implies that land-use change to cropland or pasture posi-
tively affects fire occurrence and the intensity is larger in cropland. In China, for example, carbon emissions 
from land clearing for cropland were higher than those from wood harvesting (Houghton & Hackler, 2003). 
The change ratios for some land-use types have negative coefficients ( ) for burned fraction, meaning that 
the larger the deforestation or vegetation degradation for that land-use type, the less the burned fraction. 




Figure 1. Total monthly area burned in deforestation and degradation fires from 2006 to 2015. (a) Timeseries of monthly mean global burned fraction 
(percentage) at sites with DDF. The blue line shows data from the GFED4.1s and the red line shows estimates generated by a generalized linear model (GLM). 
(b) Closeness of fit between the GFED4.1s (x-axis) and GLM (y-axis) values. Here, GFED4.1s represents the burned fraction from grids of grass/shrub/forest 
with land-use change >0.
Abbreviations: Tro, tropical region; Tem_s, southern hemisphere temperate region; Tem_n, northern hemisphere 
temperate region.
**: p < 0.01, *: p < 0.1.
Table 2 
GLM Results for DDF
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ic intervention among the land-use types. Uncontrolled fires are less likely to occur in some transitioned ar-
eas because of changes in fire management practices and lower fuel continuity (Andela et al., 2017). Urban 
areas are the most intensely inhabited by humans, and fires that occurred in these areas were suppressed in 
both tropical and temperate regions.
The coefficients for ,cli defof  were positive across all regions (ranges 1.7–2.7). This result is consistent with 
reports that droughts increase fire activity (Aragão et al., 2018) and deforestation (Staal et al., 2020). When 
comparing the ranges of the values of clif  (ranges 0–1) and lu (ranges 0 to 2 × 10−6 for luurban, 2 × 10−3 for 
luwood), the climate factor had a greater influence on DDF than land-use change. The magnitude of seasonal 
variation in DDF was largest in the northern hemisphere temperate region and was highest from April to 
August ( , Table 2). DDF in the tropical region was more active in winter. This may have been caused by 
seasonal weather characteristics and the specific timing of land-use change activities.
3.1.2. Optimization and Model Fitting
The optimization results using 2006–2015 GFED4.1s burned area had an average fitness value of 0.09. We 
obtained the optimal parameter set (Table 3). As indicated by the low fitness value, the regional and global 
model errors of annual burned area were small (Table S2, Figure 2).
The NME of annual burned area was 0.73. This value is smaller than those of the CMIP5 earth system model 
tested by Kloster and Lasslop (2017), which ranged from 0.79 to 4.58, but similar to the mean of the FireMIP 
model scores, which ranged from 0.60 to 0.84 (Hantson et al., 2020). Mean EBA for the present day was 
−0.01. Regional EBAs ranged from −4.1 to 0.5, which is smaller than that reported by Yue et al. (2014). The 
largest magnitude of overestimation was found in temperate North America. This region is characterized by 




Parameter Unit Optimized value
Biomass threshold: up kg m−2 2,729
Biomass threshold: down kg m−2 129
Cloud-to-ground lighting efficiency (ctg) – 0.056
Human ignition rate (ig) Count person−1 month−1 0.006
Constant coefficient for agricultural fires ( ac ) month−1 0.082
Constant coefficient for deforestation and vegetation degradation fires ( dc ) month−1 0.223
Constant coefficient for peat fires ( pc ) for tropical and boreal regions month−1 0.097/0.007
Table 3 
Optimal Parameter Set
Figure 2. Observed and modeled average annual burned fraction for the years 2006–2015. (a) Observation-based data from the Global Fire Emissions Database 
(GFED) 4.1s. (b) Estimates generated by our model.
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model. However, the relatively low amount of burned area detected in GFED4.1s suggests that landscape 
fragmentation may account for the overestimation, or fire protection and prevention activities could have 
suppressed fire activities in this region. A previous fire study that obtained similar results suggested that 
the overestimation was caused by overestimated high fractional coverage of grass in human-managed areas 
(Kato, Kinoshita, et al., 2013; Venevsky et al., 2019). Fire suppression by cropland was much greater than 
the cropland's extent (Kelley, Bistinas, et al., 2019), which means that land fragmentation in North America 
by cropland lead to reduce fires more than expected. On the other hand, our model underestimated burned 
area in northern hemisphere of South America and Africa. This region is dominated by trees or grass sa-
vanna, and the biomass density of these land cover types may have been underestimated in our model. 
Also, very high burning even under ideal conditions is difficult to be simulated. This underestimation has 
been reported in many previous models (Hantson et al., 2020; Kloster & Lasslop, 2017; Le Page, Morton, 
Bond-Lamberty, et al., 2015; Venevsky et al., 2019; Yue et al., 2014).
The correlation coefficients of yearly (yearly trend) and monthly (monthly trend) burned area series be-
tween estimated and GFED4.1s values were 0.99 and 0.81, which suggests that the model captures annual 
and interannual variability well (Table S2). However, the correlation coefficient was low in some regions. 
For the yearly trend, boreal North America (BONA, 0.10), the Middle East (MIDE, 0.10), and southern 
hemisphere Africa (SHAF, 0.28) had low coefficients. The burned area of BONA and MIDE increased dur-
ing 2006–2015, but the model could not detect it. SHAF had weak yearly trends and coefficients of the 
detrended line were too small to compare with the model. For the monthly trend, the coefficient was only 
0.28 in BONA and 0.52 in Central Asia (CEAS). In the case of BONA, the model predicted peak fire activity 
in May, whereas the GFED shows a peak in July. In CEAS, the model was unable to capture the observed 
August peak. These regional errors could also mean that the model has trouble estimating the highest peak 
of global fire activity during summer.
When we compared the validation results with the CLM fire model results during 2006–2013, we found that 
our model had little bit higher accuracy in temporal trend (Text S2; Figure s2) but lower accuracy in spatial 
distribution (CLM = 0.68, This model = 0.73).
The mean burned area during the present day (2006–2015) was estimated as 452  Mha yr−1 (GFED4.1s: 
449 Mha yr−1). The burned area from deforestation was 73 Mha yr−1, or 16% of the total burned area. Most 
DDF during the present day occurred in South America, Africa, and Indochina (Figure s3). Agricultural 
fires occurred in central Africa and India, and peat fires occurred in Indonesia, the Amazon, and central 
Africa.
3.2. Projections of Future Fire Activity
Future projections contain total global burned area changes (described in Section 3.2.1) and their spatial 
mapping (Section 3.2.2).
3.2.1. Changes in Burned Area
In the “All” scenario, which takes changes in climate, land use, and socioeconomic factors into account, 
total burned area decreased under the RCP 2.6 emissions trajectory and decreased under RCP 6.0 in all 
but one model in the 2050s (Figure 3a); the range of predicted burned area was 249–399 Mha yr−1 under 
RCP 2.6 and 248–439 Mha yr−1 under RCP 6.0. In the 2090s, all models showed decreases in burned area 
for both RCPs. These values were especially low under RCP 2.6; the range of predicted burned area was 
184–333 Mha yr−1 under RCP 2.6 and 211–378 Mha yr−1 under RCP 6.0. The burned area from DDF also 
decreased under the two RCPs (Figure 3b), with higher projected values for RCP 6.0 (53–66 Mha yr−1 in the 
2050s and 54–66 Mha yr−1 in the 2090s) than for RCP 2.6 (48–55 Mha yr−1 in the 2050s and 46–55 Mha yr−1 
in the 2090s).
Land-use changes tended to slightly increase total burned area projections, whereas socioeconomic changes 
had the opposite effect. The impact of climate change varied depending on the GCM used, with total fires 
decreasing in all but GFDL_ESM2M in RCP 6.0 (Figure 3a). Climate change decreased the projected burned 





deforestation (i.e., long- and short-term precipitation) declined in all areas except the Amazon under both 
RCPs (Figure s6e). Land-use changes only increased DDF under RCP 6.0 in the 2050s, decreasing in other 
pathways. Socioeconomic factors did not affect DDF. This is because the DDF model framework (GLM) 
assumed that factors other than land-use change and precipitation remain the same in the future.
Finally, the percentage of total fires cause by DDF is projected to increase in the 2090s under the “All” sce-




Figure 3. Projected burned area in the 2050s and 2090s from (a) all fires and (b) deforestation and vegetation 
degradation fires, as well as (c) the percentage of total burned area accounted for by deforestation and vegetation 
degradation fires. Horizontal dashed lines show mean burned area under present-day (2006–2015) conditions. Pink 
boxes indicate the “All” scenario, where the model took changes in climate, land use, and socioeconomic factors 
into account. Yellow, purple, and green boxes indicate model runs where only climate change, land-use change, or 
socioeconomic change, respectively, were considered. Green and red data points show RCP 2.6 and RCP 6.0 results, 
respectively, and marker shapes indicate different global climate models (H: HadGEM2-ES, (i) IPSL-CM5A-LR, M: 
MIROC5, (g) GFDL_ESM2M. Land-use change came from a single model for each RCP (IMAGE for RCP 2.6, AIM for 
RCP 6.0).
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long-term future. This change was primarily caused by socioeconomic changes (which decrease total fire 
activity). Climate change and land-use change had a compensatory effect by decreasing DDF.
3.2.2. Spatial Changes in Future Fire Activity
We evaluated changes in spatial fire regime by comparing estimated burned area fraction in the present and 
future. To obtain projections of future annual burned fraction, we averaged the annual burned fraction pro-
jections for the 2050s for the “All” scenario obtained from four GCMs under RCP 6.0 (Figure s5 shows the 
intermodel variability; the models disagree the most over the Europe and boreal areas, Northwest of Am-
azon, Australian desert, and China). Target time and scenario (2050s under RCP 6.0) were chosen because 
they produced the highest level of future fire activity. The total burned fraction is projected to increase in 
the 2050s in South American rain forest, Australian savanna, African rain forest, and South Asia (Indochi-




Figure 4. Changes in estimated annual burned fraction between the present day and the 2050s under RCP 60. Positive values indicate increases in 
burned fraction over time, and negative values indicate declines. Panels show changes in (a) total fires (i.e., non-peat fires + agricultural fires + peat 
fires + deforestation and degradation fires), (b) non-peat fires, (c) agricultural fires, (d) peat fires, and (e) deforestation and vegetation degradation fires. 
Supporting information includes burned fraction by fire type for present and future (Figures s3, s4).
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areas (Figures s6a, f). This is similar to the pattern reported in Knorr, Jiang, et al. (2016), where the burned 
fraction increased in South America, Oceania and South Asia due to climate effect and increased fuel load 
under RCP 8.5. The projected increases in burned fraction in South America, Indonesia, and west part of 
Australia were partially caused by an increase in DDF (Figure 4e). Changes in DDF were largely affected 
by climate as well as land-use change. In South America, a decrease in precipitation (i.e., increase in ,cli defof
) and an increase in land-use change for wood harvesting and cropland account for the increase in DDF 
(Figures s6e, g, h). Specifically, much of the burned area was in the Amazon. The expansion of pastureland 
accounted for the increase in DDF in Australia (Figure 4e). In other regions, the increase can be attributed 
to non-peat, agricultural, and peat fires.
In contrast, the total burned fractions of boreal areas, India, and African grassland and savanna are project-
ed to decrease (Figure 4a). These reductions are the result of climatic and socioeconomic changes. In bo-
real areas, the soil moisture is predicted to increase (Figrue s6a), which reduces non-peat fires (Figure 4b). 
An increase in GDP per capita increases fire suppression, and a decrease in population density reduces 
anthropogenic fire ignitions in boreal areas (Figures s6b, c). In the case of India, increased precipitation 
(i.e., decrease in tf ) in the month before planting is predicted to decrease agricultural fires used to remove 
agricultural waste (Figure 4c; Figure s6d). In Africa, reduced land transition to wood harvest and reduced 
precipitation during land clearing seasons decrease DDF (Figure 4e; Figures s6e, h).
4. Discussion
4.1. Which Factors Will Affect Future Fire Regimes?
Our model predicts that total burned area will decrease under the RCP 2.6 and RCP 6.0 scenario based on 
the input of most GCMs. The reasons for these changes are (1) reductions in unmanaged areas (e.g., forests) 
and increased landscape fragmentation, (2) increases in human fire suppression, and (3) climate change. 
First, landscape fragmentation and the conversion of natural land into managed areas is expected to limit 
the spread of non-peat fires (Andela & van der Werf,  2014; Kloster & Lasslop, 2017). In fact, landscape 
fragmentation has had the largest impact on burned area in the past 4,000 years (Archibald et al., 2012). 
Declines in unmanaged land area in Africa are especially likely to be driven by the expansion of croplands 
and dwindling of savannas as has already been observed in a recent study (Andela & van der Werf, 2014). 
Second, when human population density or GDP exceeds a certain transition level, burned area tends to 
decrease due to increased fire suppression (Andela et al., 2017). Our results, which show that socioeconom-
ic factors play a role in reducing total burned area, are consistent with this trend. Lastly, climate change is 
expected to impact total burned area both positively and negatively, and the balance of impacts differs by 
region. Decreases in total burned area were caused by increased soil moisture in boreal regions and some 
tropical regions. By contrast, decreased relative humidity in South America, Africa, Asia, and Australia 
tended to increase total burned area in our predictions. Increased biomass, which is predicted to be larg-
er under RCP 6.0 than under RCP 2.6 because of CO2 fertilization and climate change, will also increase 
burned area in the future. Previous studies have predicted that climate change will increase burned area in 
many regions, which is consistent with our results (Figure 4a). In Canada, increased temperature has been 
reported to increase flammability and lengthen the duration of fire spread (Wang et al., 2017). In the Ama-
zon, longer consecutive dry days and low nighttime relative humidity could allow fires to spread over larger 
areas (Le Page, Morton, Hartin, et al., 2017).
The burned area from DDF is predicted to decrease under all RCPs. Changes in climate had a similar impact 
on DDF under both RCP 2.6 and RCP 6.0 (Figure 3b). Increases in long- and short-term precipitation are 
predicted to occur in most regions (except eastern South America), and account for much of the reduction 
in total DDF. The impacts of land-use change on DDF differed between RCPs (Figure 3b). There was a larger 
increase in wood harvesting under RCP 6.0 than under RCP 2.6, which resulted in higher DDF. Conversion 
to pasture or cropland was larger under RCP 2.6 than under RCP 6.0. However, the land-use change ratio 
had a negative relationship with DDF in the tropical region, predicting little increase in DDF in the future. 
If global economic development were to follow a higher land-use change trajectory (and especially if this 






4.2. Regions with High DDF Risk
If trends in land-use change follow the RCP 6.0 scenario and more land is converted to wood harvested area, 
DDF will increase considerably in South America, Indonesia, and Australia and these regions will become 
high risk-regions for DDF. South America, especially the Amazon region, has already been identified as a 
high-risk region where land-use and climate change could have a synergistic impact on future fires (Le Page, 
Morton, Hartin, et al., 2017). In this region, fires are set in deforested areas (van Marle et al., 2017) to ren-
ovate cultivated land and clear forests for agricultural use (Morello et al., 2020; Shimabukuro et al., 2019).
Australia is not a high-risk area for DDF under present-day scenarios (Figure s3, Figure D1), but DDF will 
increase in this area under RCP 6.0. The main driver of land-use change in Australia is pasture expansion. 
Indigenous people and European settlers previously burned forests in order to produce pasture. Yet this 
had little impact because of the high fuel moisture and discontinuous fuel cover of arid regions (Whitlock 
et al., 2015). However, if the increased pasture expansion is combined with drier weather conditions in the 
future, DDF will increase.
In Africa and Indochina, DDF will decrease in the future, but they are still high-risk areas for DDF (Fig-
ure s4, Figure D2). Northern sub-Saharan Africa has experienced a trend of decreasing burned area since 
1998 (Andela et  al.,  2017). Fire activity in northern sub-Saharan Africa, caused by the degradation of 
savannas and grasslands, decreased by 2%–7% yr−1 during 2006–2014 (Ichoku et al., 2016). This phenom-
enon is expected to decrease in the future. However, areas that are predicted to experience increased non-
peat fires in Africa are located in forests. This could cause further problems, as recovery of forests to their 
original state takes much longer than with savannas and grasslands (Ichoku et al., 2016). In Indochina, 
large DDF could pose a grave problem for air quality because of the high population density in this region 
(Chen et al., 2017; Gautam et al., 2013).
Except for Australia, high-risk regions are distributed in developing countries, many of which are likely 
to be more vulnerable to future climate change. To reduce the risk of DDF in these areas, it is necessary 
to develop effective fire prevention policies or measures. These countries could provide subsidies for fire-
free land management practices, educate farmers on the importance of fires, and implement real-time fire 
monitoring (Morello et al., 2017, 2020). Implementing these policies and measures will require a greater 
understanding of fire regimes, particularly of how they are likely to change in the future. More modeling 
and observational research is urgently needed to study how climate, land-use, and socioeconomic changes 
will influence fire regimes.
4.3. Increasing DDF Prevalence Under Future Fire Regimes
The increased ratio of DDF to total fires (under most GCM projections) could lead to the destabilization 
of fire systems in the future. Non-peat fires generate open habitat for a diverse community of light-loving 
plants and animals, and help to control pests and catastrophic fires (Pausas & Keeley, 2019). Also, they act as 
a primary disturbance agent in many ecosystems (Thonicke et al., 2001). Therefore, these ecosystems could 
be adversely affected by a decline in the number and extent of non-peat fires. DDFs, on the other hand, are 
anthropogenic and can destroy the habitats of many plants and animals. Consequently, the prevalence of 
DDF will impose severe costs on many ecosystems. The locations of fire occurrence can also be important 
for local societies. Generally, non-peat fires occur in areas with very low population density. By contrast, de-
forestation fires occur in managed areas, where population densities are often higher. Therefore, emissions 
from DDF will have a stronger effect on human health.
4.4. Outlook
This study integrated several different data sources to capture climate, land-use, and socioeconomic chang-
es. In reality, however, these changes are likely to be interrelated. Climate and land use, in particular, are 
strongly influenced by each other. Even though we used climate and land-use projections for a common 
set of RCP scenarios, these projections were developed independently of one another, making it difficult 
to model the feedbacks between them. In addition, in CMIP5, RCP and SSP scenarios were also developed 





current generation of climate models (CMIP6) incorporates both greenhouse gas emission and land-use 
scenarios, thereby maintaining consistency between the choice of socioeconomic pathway (SSP) and stabi-
lization target (RCP). Now that this data is available, we are working to update the input data for the global 
fire model with the CMIP6 data set. This will enable us to consider feedbacks between climate and land-use 
change and maintain consistency across the climate, land-use, and socioeconomic scenarios.
The DDF and regional model results show that our model did not capture interannual variation, which may 
reflect issues in the coarse temporal resolution used. In this study, we used a monthly timestep. Except for 
precipitation data, all climate input data were monthly mean values. For the precipitation input data, we 
calculated 60-days and 10-days values from the daily precipitation and then used monthly averages. How-
ever, some wildfires occur under extreme weather conditions (Goss et al., 2020), which cannot be captured 
in monthly mean values. In future studies, we need to better simulate fires resulting from extreme weather. 
First, based on fire studies, we need to identify the proper climate indicators for capturing extreme events 
globally. Second, based on climate modeling studies, we need to predict future extreme weather events (i.e., 
95th percentile precipitation) with a high degree of certainty.
Fires emit airborne pollutants, especially fine particulates such as PM2.5, that negatively affect public 
health (Cascio, 2018; Liu et al., 2016). This study provides new insights on the spatial and temporal patterns 
of fire risk. In future work, we will use these results to assess the effects of fire emissions on public health.
5. Conclusions
In this study, we estimated DDF by land-use change type and predicted the state of future fire regimes. We 
used an extended CLM-based fire model with optimized parameters to conduct our simulations. Our results 
show that in the future, DDF will account for a greater proportion of total fires (18%–25% in the 2090s) due 
to a reduction in total fire activity. The main factors affecting the predicted reduction in total burned area 
were socioeconomic changes and some climate factors (e.g., increased soil moisture). Our results also show 
a decrease in DDF, which was affected by changes in precipitation and land use. These changes varied by 
region. Certain regions, such as South America, Indonesia, and Australia, are at high risk of increased DDF. 
Fire prevention policies and efforts to reduce forest degradation should be implemented in these regions to 
counterbalance these risks. Our use of a logistic regression model to predict future fires enabled us to better 
differentiate DDF by land-use type and assess the seasonality of fire risk. Our results should inform how 
managers and policymakers prepare for changes in fire regimes caused by climate, land-use, and socioeco-
nomic changes.
Data Availability Statement
The input data used in this analysis are available from the repositories cited in the manuscript text and sup-
plementary, the model results are publicly available from https://doi.org/10.5281/zenodo.4417628.
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